Metabolic profiling applied to functional genomics (metabolomics) is in an early stage of development. Here, the technologies used for metabolite profiling are briefly covered, illustrated by a few pioneering studies. Issues related to bioinformatics, namely data analysis, visualisation and archival, are the main focus of this review. Arguably there is already a need for databases containing metabolite profiles specific for a single organism, and a generic repository containing all metabolite profiling results, regardless of species. Data analyses and visualisations that combine the biological context with chemistry details are suggested as being the most promising.
INTRODUCTION
By 'metabolite profile' one usually refers to a set of metabolites detected, and their concentrations, from a biological sample. Metabolite profiles are often specific for a class of chemical compounds, such as lipids or amino acids. By analogy with the concept of 'genome', which is the full complement of genes of an organism, the metabolome describes the full complement of metabolites of an organism. The term is becoming established (it has already been referred to in the popular press 1 ), but some confusion still exists about its precise meaning. Some could argue that since not all cells of a single organism contain the same set of metabolites (or indeed proteins), the word should mean 'the full set of metabolites encountered in a cell type'. The term is used here loosely, dodging the question of how many metabolites makes a profile become a metabolome. The metabolome is a special case of a metabolite profile -a very large one. Fiehn 2, 3 gives a more detailed definition of these terms and points out that usage of the term 'metabonomics' 4 may lead to confusion.
Metabolite profiling is a wellestablished practice in analytical biochemistry; indeed some profiles are carried out routinely, for example in health centres. Recently, great interest has been developing towards profiling large numbers of metabolites with the intention of characterising phenotypes objectively. A particularly important application is in identifying the function of open reading frames of full genomes. 5 Metabolomics is complementary to whole-genome transcription profiling 6 and proteomics, 7 and, together, the three would provide a near-complete snapshot of the state of a biological sample at the molecular level. Several methodologies have been proposed for metabolomics. Some are based on separation and identification of the metabolites, and others on a fingerprint approach where the metabolome creates a characteristic pattern (spectrum) that becomes itself the object of analysis. The fingerprint approach was first described by Oliver et al. 5 who used infrared reflectance absorbance spectra as fingerprints. Other spectral techniques are also readily used for such an approach, such as nuclear magnetic resonance (NMR). 8, 9 The latter has the advantage of being non-invasive and can be applied in vivo under certain conditions. 10 Methods based on identification of metabolites usually combine a separation, such as chromatography, with mass spectrometry. Identification is usually done through a combination of the peak coordinates from the separation and the mass spectrum. The most successful method in this class is gas chromatography-mass spectrometry (GC-MS), [11] [12] [13] [14] [15] although liquid chromatography-mass spectrometry (LC-MS) is also a possibility. 16 Other options are high-performance liquid chromatography with visible absorption spectrometry, 17 14 C-labelled thin-layer chromatography (TLC) [18] [19] [20] or NMR. 21 A drawback of all these technologies is that each analysis is targeted to a specific class of metabolites or is only capable of detecting a small number of metabolites. For a true non-targeted approach, one has to run several of these methods (or the same one with different parameters), to be able to cover a wide range of metabolites.
A recently developed type of ultra highresolution mass spectrometry, Fouriertransform ion cyclotron resonance mass spectrometry (FTICR) 22 allows a nontargeted identification and quantification of metabolites based only on their accurate mass.
Although still in a phase of intense development, metabolite profiling is starting to be applied to functional genomics. 9, 23 It would be interesting to identify the function of genes, either through comparison of a null mutant to the wild type or through the response to environmental challenges. Metabolite profiles can be of great help, by providing high-resolution molecular pictures of the changes in biochemical composition. The information provided by these profiles can be used to correlate the mutation to a small number of metabolites, or to identify the part of metabolism affected by comparison with profiles of mutants of genes of known function. 9 Metabolic profiling is also useful to catalogue the components of the metabolome, or to take snapshots of the molecular machinery in action, with the intention of identifying biochemical networks 24, 25 and even to create predictive models of the phenomena studied. 26 The latter would fall under the auspices of systems biology 27 and may well turn out to be the most powerful of all applications of metabolomics. These applications are summarised in Table 1 .
The identification of functional classes of genes of unknown function was first described by Oliver et al. 5 and recently demonstrated with great elegance by Raamsdonk et al. 9 Studies by researchers at the Max-Planck Institute for Molecular Plant Physiology in Golm demonstrate how metabolite profiles can be used for the characterisation of phenotypes of different Arabidopsis thaliana 12 and potato 14, 15 strains and mutants. These authors used a method based on GC-MS by which it is possible to identify a number of metabolites, but methods that only provide a metabolite fingerprint are equally adequate for phenotype characterisation. The advantage of
The most widely used technology for metabolomics is GC-MS Metabolite profiling is becoming an important step in functional genomics Applications of pathway identification and construction of predictive models are still to be described. Although, for the first, a recent study managed to discriminate between biodegradative pathways of fluorophenols, 21 this was not done with a well-defined method, based only on appearance or otherwise of postulated intermediates in the spectra. The approaches suggested by Hofmeyr and Cornish-Bowden 24 and Samoilov et al. 25 would allow de novo identification of biochemical networks from steady-state or time series data, although both are still to be proven in practice. These methods would only be capable of reconstructing phenomenological networks, ie where both stoichiometric and regulatory interactions are combined. To reconstruct a pathway from metabolite measurements one would have to disentangle those effects. As for the construction of predictive (kinetic) models of biochemical networks, we may be still many years away from this, although steps are being taken to overcome the computational hurdles. 26 
DATA ANALYSIS
In terms of data analysis, metabolomics shares many features with transcriptomics and proteomics; however, it is also associated with a number of unique problems. Like other functional genomics technologies, metabolomics produces high-dimensional data sets and so it is amenable to many of the analyses applied to microarray data. Basically any multivariate method that does not depend on molecular details is equally applicable to metabolite profiles. Examples are statistical methods such as clustering 28, 29 and principal components analysis (PCA), 30 but also machine learning algorithms such as Kohonen's selforganising maps 31 and support vector machines. 32 Many other methods have been described that would also be suitable, though they are omitted here for brevity. Discussion of data analysis methods require distinction between studies whose objective is (i) classification, such as gene functional analysis, (ii) to identify molecules or (iii) to make mechanistic inferences.
In classification it is interesting to know to which class a certain sample belongs. The assignment of genes into functional classes, based on the metabolite profiles of mutants of those genes 9,33 is a classification problem. Another one is to classify stress responses by analysing metabolite profiles of the same strain exposed to different environmental conditions. 4 When the main objective of a metabolomics study is to classify samples, the fingerprint approach seems to be the most appropriate. This is because classification is essentially a pattern recognition exercise, where it is not important to know why two patterns are similar, just that they are. Thus, the data used at this level require very few
The metabolome will provide a complete biochemical characterisation of an organism Metabolomics produces very large data sets processing steps. For example, baselines will be removed from spectra but these will not be deconvoluted into single peaks. Obviously, if metabolites are also identified in such studies, the analysis can be taken further, although that is not essential to the purpose of classification. Classification can be effected by unsupervised or supervised methods. Unsupervised methods are those that require no extra knowledge about the samples, other than the data collected. Supervised methods require that a subset of the samples be already classified in order for a calibration to be performed, the rest of the samples being then scored on the calibration. Unsupervised methods are represented by PCA and clustering, supervised methods by feed-forward neural networks and regression models. Supervised methods are usually more powerful as the classification is based on prior knowledge; however, they have the disadvantage of requiring extra data, in the appropriate range, for the calibration phase. Another disadvantage of some supervised methods is that they can easily overfit the model, a situation in which the training data are represented to nearperfection but similar data not used in the calibration are no longer recognised as similar. 34 Unsupervised methods, on the other hand, separate samples into classes without need for extra data, but in this case it is not always easy to interpret the basis for the groupings. Kell et al. 35 discuss the differences between supervised and unsupervised methods in the context of functional genomics. The strategy of Raamsdonk et al. 9 can be classified as a supervised method, where one assigns a function to a gene based on the function of other genes with similar co-responses of concentrations to the mutation (see also Cornish-Bowden and Cardenas 23 ). Thus one needs to have already identified genes of a certain class to be able to classify others in that class. Kell et al. 35 presented another supervised method, genetic programming, 36 and applied it to classification of Nicotiana tabaccum phenotypes based on metabolite profiles.
In contrast, the PCA 4,12 is an unsupervised method, which requires nothing more than the fingerprints to classify responses to treatments or mutants by membership of their samples in the same group. In this case, membership in classes was decided based on the vector loadings of each sample in principal components space.
When the objective of the study is the identification of the metabolite components of a mixture, perhaps with the intention of cataloguing the complete metabolome, lower-level analyses are required. Here it is important to deconvolute spectra, chromatograms, etc., into entities that represent the component biochemical species. This exercise is, to a certain extent, specific to each technology, but can be summarised in the following procedure: (i) deconvolution of the fingerprint (spectrum, chromatogram, etc.) into component peaks, (ii) identification of the biochemical species by lookup in a reference database of relevant physicochemical properties. These procedures belong more to the realm of analytical chemistry than bioinformatics. Where bioinformatics has to take over is in further processing of these results to facilitate analyses and archival of profiles in databases (see below), based on the biological context of the experiments. This is where the third application, making mechanistic inferences, starts.
Use of metabolite profiles to infer mechanisms (biochemical networks) has been carried out after metabolite identification, and mostly based on structural features of the molecules. 21, 37 This approach could be restricted to distinguishing a few hypothetical mechanisms by the appearance or not in the profiles of a few key metabolites. A more sophisticated approach is based on time series collection of metabolite profiles followed by temporal analysis of the dynamics. 25 Another possibility is to use the framework of metabolic control analysis, particularly the co-response approach, 24 to identify the direct 
VISUALISATION
Similarly to the situation with data analysis, visualisation of metabolomics data can be made using tools already available to other functional genomics technologies. Many visualisations for microarray data can be directly used in metabolomics, especially those related with the multivariate analyses mentioned in the previous section. So far the most used are dendograms constructed from clustering results, 14, 15 and representation of samples in principal components space. 4, 12, 14, 15 Similar methods of visualising multivariate data sets would also be useful, in particular projection pursuit, 39 and the Grand Tour, 40 as implemented in the software Xgobi. 41 Recently, Kose et al. 42 described a procedure to visualise phenomenological correlation networks of metabolites by using clique-metabolite matrices.
Correlations between metabolites in several profiles can be represented as undirected graphs where each metabolite is connected to others if their correlation exceeds a threshold. However, Kose et al. argue that the resulting graphs are too complex and difficult to interpret. 42 They then use the concept of cliques (subgraphs that contain only fully connected vertices) and make use of the maximal cliques of the correlation graph. Their visualisation is made through a matrix where the rows correspond to the maximal cliques and the columns to metabolites, where cells are coloured if a metabolite is part of a clique. The authors hypothesise that metabolites that are the only connection between two cliques are branch-points in the metabolic network. Another hypothesis is that groups of cliques with no connection to other cliques represent metabolites that are within the same compartment, or else that the profile missed the metabolites that would link them. This visualisation allows a quick inspection for patterns of correlations that are informative about the metabolic network structure. However such visualisation can only be applied when several metabolite profiles have been measured in different conditions, as it is based on the concept of correlation. This also has the disadvantage that the relations depicted are not based on cause-effect. Nevertheless, it is useful to generate hypotheses about the metabolic network directly from a visual representation of correlations.
Cornish-Bowden and Cardenas 23 used an angular representation of metabolite co-responses to display the data of Raamsdonk et al., 9 improving a suggestion from the original authors to use the arctangent function of coresponses. This representation makes it especially easy to visually distinguish the mutants of genes whose biological function is similar. In this method, each metabolite is represented by a circle containing a vector whose angle represents the changes of that metabolite compared to the changes of a reference Visualisation of metabolomic data can be made with tools available for other functional genomics technologies Graph theory methods can identify metabolites that are at branch points in the metabolic network metabolite. When the particular metabolite has increased and the reference has not, the vector should point to 908, 08 in the opposite case, and 458 when both increase in the same proportion. The second and fourth quadrants are used for the cases when the changes are in opposite directions, and the third when both metabolites decrease their concentrations (see Figure 1) .
Finally it is worth mentioning a visualisation that is somewhat obvious, but so far never used in publications. This uses biochemical network diagrams to represent metabolite concentrations or their changes. In the author's laboratory, software is being constructed that implements such a visualisation using the diagrams included in the KEGG pathway database 43 (see Figure 2 ). This software, to be described in a separate publication, combines metabolite and transcript profiles in the same visualisation and is thus a way of fusing these two different data types. The KEGG diagrams represent metabolites as circles, connected by arrows corresponding to the enzymes (or their genes); these are labelled within a rectangle. Our software uses a false colour scale to represent ratios of metabolite and transcript levels of two samples and then paint the circles and rectangles based on metabolite and transcript profiling data, respectively. The same method can be used to combine metabolite and protein profiles, the rectangles then being used for proteomics data. A similar approach has been used previously to visualise gene expression results alone. 44, 45 
DATABASES
Much as with other functional genomics technologies, metabolomic experiments produce large amounts of data, which are not conveniently disseminated through paper articles. Thus, metabolite profiling experimental results would be best archived and accessed through online databases. In addition, interpretation of those results benefit (or even depend on) reference biochemical databases. Several types of databases can then be distinguished:
• Databases storing metabolite profiles together with raw data and detailed metadata (which is information about the context of the data, such as the experimental protocol).
• Databases storing metabolite profiles for a single species.
• Databases combining collections of experimental results of metabolite profiles for many species and conditions.
• Databases cataloguing all known metabolites in each biological species.
• Databases containing reference biochemical information.
Only the last two types exist at present. These classes of databases will not necessarily all be implemented as such, possibly some belonging to more than one class. However such an arrangement would be ideal to support federated databases allowing a hierarchical organisation of the information therein. The first type is typically a laboratory database, by which information is made available of all details about the experiment and the data processing stages. This includes the raw data and, perhaps, intermediate stages of processed data, plus all metadata necessary for interpretation. They should contain at least the minimal amount of information that allows other laboratories to assess the quality of results, and to be able to repeat the experiments. Such databases have a wide breadth of information but a very narrow range of phenomena covered, where many would exist.
The second type is the class of organism-specific databases. Each of these is dedicated to a single species (or perhaps group of related organisms) and contains potentially all its published metabolite profiles. Such databases would be accessible through species-specific portals such as Mouse Genome Informatics project 46 or the Arabidopsis Information Resource. 47 Their role would be to concentrate all known metabolite information for that species and would be an ideal resource for those interested in formulating hypotheses about the biochemistry of the organism (for example, in the form of kinetic models). These databases would be shallower in information content than the laboratory databases as they would not include most of the metadata, but would cover a wide variety of experiments, environmental conditions and mutants. These databases would be a portal to the information rather than complete repositories; they would point the user to the appropriate laboratory database that was the primary source of the data (and where all details would be found).
The third type is of generic databases, which would possibly collect all metabolite profiles of all organisms. In a sense, these would be similar to the ArrayExpress 48 and GEO 49 databases of gene expression data. Only a few should exist, perhaps even only one that would be a central hub for metabolite profile data. It would be mostly used by those attempting to find similarities between profiles, across species and among environmental conditions. It is difficult, at this stage, to envision how useful such a database would be, but one is tempted to think that it would have a major impact in current biochemical research, perhaps revolutionising it to the same degree that GenBank did to genetic research. A related database, the fourth type, would contain a qualitative list of all metabolites known to exist in each single species. This is the metabolite version of a full genome sequence, listing the whole set of organic molecules not encoded in DNA: the metabolome. While it is conceivable that a single database, the fourth type, could contain both profiles and metabolomes, the two are important in different contexts, and so their databases need to support considerably different queries. This probably means that they would exist as two separate databases.
Finally, the fifth class of biochemical databases is the only one with several extant examples: reference biochemical databases. These are databases cataloguing biochemical compounds and their properties, enzymes, reactions, regulatory interactions and networks (pathways). A series of biochemical databases, namely KEGG, 43 EcoCyc, 50 EMP, 51 UM-BBD, 52 BRENDA 53 and PathDB, 54 are available over the Internet and cover several of these aspects (pathways, enzymes, reactions and compounds). The reader is referred to two recent reviews 55, 56 for in-depth analyses of these databases. It is important to mention, though, that they contain several problems, as highlighted by Wittig and De Beuckelaer. 55 A query applied to most of those for the compound 'ethanol' reveals problems in each one of them. Not a single one lists all of the following: molecular formula, 2D formula, CAS (Chemical Abstracts Service) number and all known reactions where ethanol is a substrate or product. Particularly with respect to reactions, several of these databases list reactions that are not balanced (the two sides of the reaction contain different number of atoms) and also list reaction classes (such as 'an alcohol + NAD þ ¼ an aldehyde + NADH + H þ ') rather than a specific reaction.
For metabolomics data analysis, it is important to have available a reference of all natural products, and their known reactions. These should be highly accurate, and support interfaces to be searched both by humans and by software. Such databases do not really exist, at least in the public domain. The information needed can be collected from a variety of commercial databases (CAS Registry 1 and CASREACT 1 , from the American Chemical Society, Beilstein, and Metabolite, from MDL Information Systems GmbH, and the 'Dictionary of Natural Products' on CD-ROM, from CRC Press), but their interfaces leave much to desire. Maybe all needed data are already available electronically; however, it is scattered through various databases and mixed with less accurate information and certainly impossible to collect in a single query. A single database of natural products and reactions containing a small, but accurate, data set, and which would be machine-queriable would form an ideal nucleus that could be grown over time to become the needed reference. Perhaps the field of metabolomics will need to create such a database itself.
While discussing databases, it is important to mention data exchange formats. Often one data set must be converted to a different format before it is A central database service should exist to collect all metabolite profiles Many reference metabolic databases exist on the Internet, but none cover all aspects needed for metabolomics amenable to analysis by a second piece of software. Exchange formats are specifications that describe, in a very precise way, the syntax that a data set should conform to. Currently the extensible mark-up language (XML 57 ) has become the preferred way to construct exchange formats. The microarray community is particularly well organised in this respect and two rival exchange formats have now been unified. The new format, MAGE-ML, is publicly available and is already becoming the standard. While such a general data exchange format would be beneficial to metabolomics, the field is perhaps still far from that stage. Given the breadth of technologies used in this field, it is more urgent that exchange formats be defined for each technology type. Later, a higherlevel format that represents metabolite profiles independent of the underlying technology should then be defined and accepted by the practising community.
Data exchange formats help data transfer between different software by specifying a commonly accepted syntax precisely. However for proper data integration it is also important that the semantics is well defined or there can be no exchange at all. An ongoing effort, the Gene Ontology TM (GO) consortium, is producing a controlled vocabulary that can be applied to all biological species. The original goal of the Gene Ontology 58 was to define terms related to genes and proteins; however, this has been expanding and the consortium is now considering extending it to include a chemical ontology (Michael Ashburner, personal communication). Other biological ontologies have also been described, 59 -61 but GO has been the most successful in reaching out to the major biological databases (for example Apweiler et al. 62 , Dwight et al. 63 and Ware et al.,
64 but see also the Gene Ontology web site 65 ). A large group of researchers involved with whole-genome gene expression research have recently published a specification (known as MIAME) of what they consider to be the minimum amount of information required to properly reproduce, and interpret, a microarray experiment. 66 The need for such a specification comes from the large number of parameters involved with such experiments, and the specification reflects this. It will undoubtedly simplify any future attempt to combine data sets. It is arguable that metabolomic experiments are equally complicated and a similar specification would certainly benefit this field too. A problem is that, by necessity, such specifications are very much tied with the technological details of the experiments. This has resulted in that MIAME is only applicable to microarray experiments, and not to other types of genome-wide gene expression analysis (such as serial analysis of gene expression, SAGE). This will be a problem too in metabolomics, where such a specification for GC-MS, for example, would not be appropriate for NMR.
CONCLUSION
Metabolomics is the most recent face of functional genomics. Like other 'omics', it emphasises a non-targeted approach to studying biological phenomena, in this case by profiling large numbers of small organic molecules (eventually all those present in a sample). Metabolite profiles are carried out by a variety of analytical methods, with emphasis in mass spectrometry and nuclear magnetic resonance, but many others are also in use. Metabolomics is similar to its sister technologies of transcriptomics and proteomics in that it produces multivariate data sets. Many analyses and visualisations used in the microarray area are directly applicable to metabolomics, and are already in use. Additionally, metabolite profiles have the advantage that the chemical nature of the molecules can be used to relate each other and this should be exploited fully in analyses and visualisations. Bioinformatics approaches specifically to analyse metabolomics data are only now starting to emerge.
So far, no public databases exist of
The extensible mark-up language (XML) is the best means to exchange metabolomic data
Metabolomics needs a standard for the minimal amount of information required to specify an experiment Bioinformatic approaches for metabolomics are only starting to emerge metabolite profiles; however, their need is already being felt, just as were microarray databases a few years ago. 67 Public databases of metabolite profiles will be useful for biochemistry research, complementing the information obtained from whole-genome sequencing, and in combination with databases of other functional genomic approaches. However, this data fusion will be most powerful only when experiments are specifically designed to integrate mRNA, protein and metabolite profiles, providing very high detail molecular snapshots of the cellular machinery in action. Such experiments are eagerly awaited!
